Introduction
[2] Given prescribed observed sea surface temperature (SST) forcing, atmospheric general circulation models (GCMs) are known to have the ability to simulate and unravel the dynamical mechanisms of large-scale droughts, such as the 1930s droughts of the United States [Schubert et al., 2004] , the Sahel drought during the 1970 -1980s Giannini et al., 2003] , and the widespread drought in the United States, southern Europe, and Southwest Asia, during 1998 -2002 [Hoerling and Kumar, 2003] . However, the ability of coupled GCMs (CGCMs) to simulate large-scale drought is largely unknown. Such ability is more difficult to evaluate, because it depends on, among other things, how well the SST is predicted and on how realistic is the coupling between SST and rainfall.
[3] The long-term drought over the Sahel region during 1970 -1980s is one of the most pronounced signals of climate change with devastating impacts on society. The Sahel drought is known to be strongly influenced by sea surface temperature anomalies both globally and in regions adjacent to the African continent, as well as landatmosphere feedback processes [Folland et al., 1986; Foutaine and Janicot, 1996; Hastenrath and Lamb, 1977; Lamb et al., 1986; Rowell et al., 1995; Ward, 1992; Xue and Shukla, 1993] . As such, the Sahel drought provides an ideal test bed for evaluating the capability of CGCMs in simulating long-term drought, and the veracity of the model's representation of coupled atmosphere-ocean-land processes and their interactions. Previous studies have found that long-term Sahel drought may be induced from above-normal SST in the Indian Ocean and in the tropical Atlantic, and amplified by land-atmosphere interaction over the Sahel [Folland et al., 1986; Giannini et al., 2003] . On an interdecadal timescale, the Sahel rainfall is correlated with an interhemispheric SST dipole pattern, with negative SST anomalies in the North Atlantic and positive anomaly in the southern tropical Atlantic, including the Gulf of Guinea [Hoerling et al., 2006; Lamb, 1978; Rowell et al., 1995; Zeng, 2003] . On an interannual timescale, relationship between SST and Sahel rainfall is nonstationary, having a strong relationship to the Atlantic dipole before 1970, but weakens afterward. Since 1970, the correlation between SST anomalies in the eastern equatorial Pacific and Sahel rainfall, i.e., the impact of El Nino, appears to become more significant .
[4] In this paper, we explore the roles of SST coupling and land surface processes in producing the Sahel drought in CGCMs that participated in the twentieth-century coupled climate simulations of the Intergovernmental Panel for Climate Change Assessment Report 4 (IPCC AR4). Here, we focus on an interdecadal timescale with the objective of capturing the essence of model physics that are required to provide a good simulation of the Sahel drought. We will use simulation of the Standard Precipitation Index (SPI) over the Sahel region to rank and categorize the model, and to compare key model output parameters, i.e., rainfall, evaporation, soil moisture, and sea surface temperature (SST) to observations, according to the model categories. Cluster analysis is carried out to examine how well the simulated Sahel droughts are related to interactions of Sahel rainfall with SST of the Indian and the Atlantic oceans. We also examine the role of local land-atmosphere interaction from the covariability of Sahel rainfall, evaporation, and soil moisture for different CGCMs.
Data
[5] Our study is based on model outputs of 19 IPCC AR4 CGCMs [Hegerl et al., 2003] and observations of global SST, Sahel precipitation, and the model-generated soil moisture. The monthly 0.5°Â 0.5°precipitation data set (CRU TS2.0) is from the Climate Research Unit of the University of East Anglia is used [Mitchell and Jones, 2005] . The monthly 1°Â 1°SST data are from the Hadley Centre. The data range from January 1871 to December 2000 [Rayner et al., 2003] . No direct measurements of soil moisture are available for the global domain. For comparison with the model output, the Climate Prediction Center monthly global soil moisture data set [Fan and van den Dool, 2004] is used as ''observed'' soil moisture. The soil moisture product was generated by a one-layer bucket water balance model based on gauge observation of precipitation and the global surface temperature from the reanalysis data of the National Centers for Environmental Prediction and the National Center for Atmospheric Research. Since the bucket model is known to be unable to simulate realistic surface hydrology, the soil moisture used here should be treated as a reference product, and not as an observable. The IPCC AR4 CGCMs are driven by combination of realistic prescribed external forcing, including anthropogenic increase in greenhouse gases and sulfate aerosols, long-term variation in solar radiation, and volcanic eruptions. The models differ in both the magnitude of the external forcings and the way they are incorporated. The forcings have large uncertainties because of the limited observed data regarding magnitude, spatial pattern, and time evolution. Table 1 summarizes some basic information of the 19 coupled models. The models have different spatial and temporal resolutions, as well as different integration time periods covering the twentieth century. Our study is focused on the period 1950 -1999 because of the reliability of the observed data and observed long-term Sahel droughts of the 1970-1990s. Since all the 19 models have reasonably high spatial resolution and have sufficient number of grid points in Sahel, a modeled climate parameter over Sahel is the simple average of the CGCM values at the grid points inside the Sahel domain, i.e., the latitude and longitude grid box (10°-20°N, 20°W to 40°E) . No further spatial interpolation of the model output is needed. The July-August-September (JAS) observed precipitation accounts for 70% of the annual total over the Sahel. The signal of JAS precipitation change is quite pronounced in the time period of 1950 -1999. Hence the JAS monthly mean precipitation is used in our investigation.
[6] For the land-atmosphere effect, a smaller subset of models is used because only 17 models provide total soil moisture data, and only 11 models provide surface soil moisture data. Given the model data availability, only the total soil moisture content is used.
Results
[7] The observed Sahel precipitation is defined as the spatially averaged monthly mean precipitation for JAS over the Sahel domain (10°-20°N, 20°W to 40°E) derived from the observed monthly CRU TS2.0 data (see Figure 1 ). The reconstructed HadISST [Rayner et al., 2003 ] is used to generate the SST time series in Figure 1 . The Indian Ocean SST is the area-averaged SST over the region (5°S to 5°N, 55°-75°E). Different domains are tested for the tropical Indian Ocean (5°S to 5°N, 55°-75°E), northern Indian Ocean (0°-20°N, 40°-100°E) and the whole Indian Ocean (20°S to 20°N, 40°-100°E). The tropical Indian Ocean SST appears to render the most clear out-of-phase signal with Sahel, and the results are insensitive to the domain chosen. This is most likely because the entire Indian Ocean SST is associated with a warming trend that encompasses the entire tropical oceans since the 1950s [Lau and Weng, 2001; Giannini et al., 2003] . Similarly, the Atlantic SST dipole index is defined as the difference between the standardized SST over the North Atlantic (10°-40°N, 60°-20°W) and the standardized SST over the equatorial eastern Atlantic (10°S to 5°N, 30°W to 20°E) [Zeng, 2003] . A negative index value indicates a cooler North Atlantic Ocean and a warmer eastern tropical Atlantic Ocean, associated with a weakened western African monsoon and a southward shift of the Atlantic Intertropical Convergence Zone. Therefore the Atlantic SST dipole is positively correlated with Sahel precipitation.
[8] Figure 1 clearly shows the long-term inverse relationship between the observed Sahel precipitation and the observed Indian Ocean SST, as evident in the 11-year filtered data (smooth solid line in Figure 1 ). The relationship shows some degree of nonstationarity. The correlation of the filtered data for the entire period is À0.56, and increases to À0.88 during the latter half (1951 -1994) of the period. The in-phase variation of the observed Sahel precipitation and the observed Atlantic SST index is also obvious in the figure. Here the correlation for the filtered data is 0.40 for the entire period, and 0.43 for the latter half For the purpose of comparing and evaluating the CGCMs, the correlations for 1951-1994 will be used.
[9] We use the SPI to quantify performance of the CGCMs' simulations of Sahel drought. SPI is a probabilistic type of drought monitoring index and is calculated via a nonlinear transformation that converts the precipitation data into a normally distributed, dimensionless random variable SPI [McKee et al., 1993] . This transform explains that a drought over a region is manifested through the precipitation deficit relative to the region's precipitation history. On the basis of SPI, McKee et al. [1993] classified drought into four categories: mild (À0.1 < SPI < 0), moderate (À1.5 < SPI < À1.0), severe (À2.0 < SPI < À1.5), and extreme (SPI < À2.0). In the probability-based approach, the categories correspond to the probability of occurrence of 50.0%, 15.9%, 6.7%, and 2.4%, respectively. [10] Since SPI allows multiple timescales, it can provide both an early warning of drought and an assessment of the drought severity. For example, the 24-month timescale SPI_24 at July of a given year is calculated on the basis of the mean precipitation of the 24 months at and before the July of that year. The SPI_24 at August and September can be calculated in the same way. The three month mean SPI_24 values of July, August, and September are used in our analysis. Thus each year has a JAS SPI_24 value. Figure 2 shows an example to demonstrates the utility of SPI time series in identifying droughts at different timescales at a single location (15°N, 13°W). Severe and extreme drought years are indicated by gray and black circles on the time series. The severe and extreme drought events from the 1970s to 1990s are shown at all the three timescales: 3, 12, and 24 months by large dark and gray large circles. Figure 2a shows five drought occurrences, and Figures 2b and 2c show nine for each. The increased number of occurrences from the late 1970s to the mid1980s implies that no major precipitation events over Sahel from the late 1970s to mid-1980s can offset the long-term precipitation deficit. Because of the pronounced long-term drought over Sahel, SPI_24 is used in our subsequent analysis.
[11] Forty pairs of the SPI_24 values averaged over the Sahel region between observations and CGCM outputs from 1955 to 1994 are used to calculate the correlation coefficients (CC) displayed in Figure 3 . The figure shows a bar chart of the CC sorted in ascending order. The eight solid black bars indicate CC greater than 0.26 (significant at the 5% level with 38 degrees of freedom) and reasonable agreement between observed and modeled values. Thus the models in this category are considered good simulations of the Sahel drought, i.e., a hit. The seven gray scale bars have CC less than À0.26 and indicate disagreement between the observed and modeled values, thus the models in this category are considered bad simulations of the Sahel drought, i.e., a miss. The other four grey scale bars have their CCs between À0.26 and 0.26 and are considered neutral. The two GFDL models (models 4 and 5) rank numbers one and two in the simulation of the Sahel drought according to our criterion.
[12] Since the Sahel's precipitation is negatively correlated with the Indian Ocean SST, if a model can simulate the Sahel precipitation correctly, most likely it should get this out-ofphase correlation with a correct sign. Figure 4a shows a scatter diagram of the CC between the modeled and observed precipitations with the CC between the modeled precipitation and Indian Ocean SST. All CC in this plot are calculated using 11-year moving averaged time series between 1955 and 1994, in order to focus on the longterm variations. P model and P obs shown in the figure are area-averaged simulated and observed precipitations, respectively. Indeed, all the eight hit models, indicated by the solid circles, are in the fourth quadrant, i.e., better simulation of Sahel drought requires better simulation of Indian Ocean coupling, as measured by the negative correlation between Sahel precipitation and Indian Ocean SST. Among the seven miss models indicated by open circles, five have positive correlations that are contrary to observation and two have negative correlations. These two models have correct phase between Indian Ocean SST and Sahel rainfall, but the simulation of Sahel drought is poor. The Indian Ocean SST has a warming trend for all models, but the coupling with Sahel rainfall varies greatly. The clustering of the model suggests that the ability of CGCM to simulate Sahel rainfall strongly depends on how well the model simulates the coupling between the Indian Ocean SST on the Sahel rainfall. This provides sufficient conditions for a long-term Sahel drought; that is, good Sahel drought simulation implies good coupling but not the other way round.
[13] Figure 4b shows a scatterplot of the CC between the modeled and observed precipitations with the CC between the modeled precipitation and Atlantic SST. All of the eight hit models, indicated by solid circles, are in the first quadrant with one on the margin. Among the seven miss models, two are in the second quadrant, and three are on the quadrant margin. The remaining two have the correct phase with respect to Atlantic SST, but the Sahel drought simulation is poor. The model clustering suggests that while most models simulate the correct sign of the coupling between Sahel rainfall and Atlantic SST dipole, this condition in itself is not a necessary condition for simulation of Sahel drought, i.e., good simulation of Atlantic SST and Sahel rainfall coupling does not necessarily imply good Sahel simulation.
[14] To understand the role of land-atmosphere coupling process in simulation of Sahel drought, the rate of change or sensitivity of land evaporation with respect to soil moisture is used as a proxy to represent the effect of feedback of land processes on the atmosphere. Figure 5a shows the cluster diagrams indicating the relationship between rainfall coupling with Indian Ocean SST and the sensitivity of evaporation to soil moisture. Regression slopes are used to measure the rate of change in model evaporation due to the change in total soil moisture. Because different models have different model soil depths, the regression slope is normalized with one standard deviation of soil moisture to facilitate comparison. The regression slope indicates how much moisture evaporates back to the atmosphere per unit change in soil moisture. The larger slope, the more sensitive is the evaporation to soil moisture, and more robust is the land feedback process. Figure 5a shows that overall the hit models (solid circles) have more robust land feedback processes compared to the miss models (open circles) and neutral models (crosses). The clustering of the models in the fourth quadrant, and on the right half of the second quadrant suggests that models that simulate the correct sign of the coupling between Indian Ocean SST and Sahel rainfall tend to have more robust land feedback processes.
[15] The CC between Sahel rainfall and soil moisture is used as a proxy to measure the degree in which the atmosphere forces the land. Large CC implies that the soil moisture quickly responds to rainfall. The ''observed'' correlation coefficient, depicted with a triangle in Figure 5b , between the Sahel precipitation and the tropical Indian Ocean SST is À0.89, and that between precipitation and the soil moisture is 0.93. All of the eight hit models are clustered close to the observation. Only one miss model (model 15, the MRI model) is in the same quadrant as the observed. Model 15, as indicated by the lone data point in the fourth quadrant in Figure 4b , fails to simulate the positive correlation between Sahel precipitation and the Atlantic Ocean SST index.
[16] Table 2 summarizes the correlation and regression results regarding the relative importance of SST coupling Table 1. and land-atmosphere interaction. The 19 coupled models are ranked in the same way as Figure 3 and shown in descending order in the first column. The second and fourth columns show the correlation between Sahel rainfall and Indian Ocean SST, and Atlantic Ocean SST dipole respectively. The ability of a model to simulate SST is evaluated with the CC between modeled and observed SST time series, which are shown in the third and fifth columns for the Indian Ocean and the Atlantic dipole respectively. As a measure of the sensitivity of rainfall and evaporation to soil moisture, the slopes of regression of soil moisture against precipitation and evaporation, normalized to standard deviation, are used and displayed in the sixth and seventh columns, respectively. Numbers in parentheses indicate the variance explained by the linear regression.
[17] Values larger than the median in each column are indicated in boldface, except the second column, where, because of the negative correlation, the values smaller than the median are in bold. All eight hit models show a negative correlation between Sahel precipitation and Indian Ocean SST as in the observation. Seven out of eight hit models show CC between observed and modeled Indian Ocean SSTs larger than the median value. This indicates the importance of Indian Ocean SST in simulating Sahel drought. The Atlantic SST dipole also plays a key role in long-term variation of Sahel precipitation as indicated by having six out of eight hit models showing high CC between Atlantic Ocean dipole and Sahel drought. Overall, Sahel precipitation from hit models shows good relations with both Indian Ocean SST and Atlantic Ocean SST index. No miss models or neutral models have good correlations between rainfall and SST in both oceans. For example, model 15 (the MRI CGCM2.3.2) is the worst according to our criteria and yet the CC between Sahel precipitation and Indian Ocean SST is the second best (À0.79). This may be the result of poor simulation of the coupling between Sahel precipitation and Atlantic Ocean SST (large negative correlation, À0.51, and with the wrong sign compared to observation). The bottom ranking of this model may also be contributed in part by its relatively weak atmosphereland coupling as shown in columns 4 and 5 (see discussion in next paragraph). Interestingly, the CCs between modeled and observed Indian Ocean SST (the third column) and CCs between modeled and observed Atlantic Ocean SST index (the fifth column) did not show consistent results as in relationships between SST and Sahel precipitation. This indicates that a good simulation of Indian Ocean SST and Atlantic Ocean SST dipole does not guarantee a good simulation of Sahel precipitation. For better simulation of Sahel rainfall, the model has to be able to simulate the coupling between SSTs and Sahel precipitation.
[18] As stated before, good SST-rainfall coupling is not the only factor conducive to a good Sahel drought simulations. Land-atmosphere feedback also plays an important role [e.g., Zeng et al., 1999] . To wit, model 4 (the GFDL-CM2.0), the top ranked model has only moderate rain-SST coupling with the Indian and the Atlantic Ocean, but has the strongest regression slope of precipitation to soil moisture (column 6), and strong sensitivity of evaporation to soil moisture (last column). Overall, six out of eight hit models show regression slopes between precipitation and soil moisture larger than the median. Given the fact that precipitation is the major input to soil moisture, a large regression slope of precipitation to soil moisture can also mean that more rainfall is required to produce a unit change in soil moisture in hit models, suggesting rainfall does not increase Figure 5 . Scatter diagram between the correlation coefficients between the simulated Sahel precipitation and tropical Indian Ocean SST anomalies and (a) the rate of change of modeled evaporation as a function of the change in modeled soil moisture and (b) correlation coefficients between simulated Sahel precipitation and soil moisture. Solid circles identify the eight hit models, open circles are for the seven miss models, and the crosses indicate neutral models. The triangle in Figure 5b is determined by the values from observed precipitation and soil moisture. Numbers next to the solid circles indicate the eight hit models listed in Table 1. soil moisture immediately in hit models. Instead, other processes, including runoff and evaporation back to atmosphere, play equally important roles in land-atmosphere feedback process. Indeed, seven hit models show larger than median regression slope between evaporation and soil moisture. Six out of these models also show strong sensitivity of evaporation to soil moisture. With few exceptions, all neutral and miss models show a lack of sensitivity of rainfall and/or evaporation to soil moisture. Model 18 (the UKMO model) shows that strong land feedback process in itself cannot lead to good simulation of Sahel drought, if the SST coupling is weak or of the wrong sign.
[19] To further evaluate CGCM simulations of the Sahel drought, we examine the models' capability to produce severe drought (probability of occurrence 6.7%) and extreme drought (probability of occurrence 2.3%) on the basis of SPI_24. The areas affected by severe and extreme drought from hit and miss models are compared to observation. Figures 6a and 6b show the percent coverage of the severe-to-extreme events, and extreme events only over the Sahel (10°-20°N, 20°W to 40°E). Following McKee et al. [1993] , severe and extreme droughts occur when the SPI_24 is less than À1.5 and À2.0, respectively. The observed severe and extreme drought area (solid line) calculated on the basis of SPI_24 using CRU TS2.0 monthly precipitation shows rather complex long-term variations. Observation (thick solid lines in Figures 6a and 6b) shows that there is an increasing trend in severe-and-extreme droughts since the 1970 with almost no drought between the 1950 and 1970s, maximum drought occurrence in the mid-1970 and mid-1980s, and a recovery toward the pre-1950 level since the mid-1990s. Prior to the 1970s, the hit and miss models (indicated by crosses in Figures 6a and 6b) do not show any significant differences, but the difference becomes obvious after the 1970s. For severe-and-extreme droughts (Figure 6a ), hit models correctly produce an increasing trend of severe and extreme drought events during the last three decades, but not the miss models. Individual hit models can produce droughts as strong as the observed, while the model ensemble mean (shown by the thin solid line with area under the curve shaded) is much smaller than the observed during the 1970 -1990s. Interestingly, the ensemble mean of hit models simulate quite well the reduced magnitude of the pre-1950 droughts. As expected, even the hit models cannot correctly simulate the magnitude and duration of individual drought events. Needless to say, the miss models show no preferred drought during observed Sahel drought period. For extreme drought events, observation shows a peak in the mid-1970s and in mid-1980s. The hit models show a tendency for increase extreme drought in about the same period (Figure 6c ), but little skill in simulating the beginning and ending of such events. Miss models clearly have zero skill in reproducing the extreme drought events.
[20] It is intriguing, as seen from Figure 6a , that the hit models appear to have correct time markers that separate the 1970s -1990s from the earlier period. The CGCMs are coupled systems with external forcings, including solar forcing, greenhouse gases, aerosols, and volcanic eruption, that are quantified as an energy input to the systems. Oscillations and nonlinear trends of solar radiation and greenhouse gases do not have a clear distinction before and after the 1970s. In all the external forcings, only volcanic eruption has a specific time marker. Stratospheric aerosol experienced a sudden increase around the 1960s because of the relatively quiet volcanic activities before, and the unusually active eruptions after, the 1960s. Figure 6 shows that the eight hit models respond well to the aerosol time mark and correctly simulate not only the increasing trend of Sahel drought but also the area affected by extreme drought events. It may be speculated that the increasing tropospheric and stratospheric aerosols cools the northern Atlantic Ocean and provides favorable conditions (i.e., the negative Atlantic Ocean SST index) for the Sahel drought. This is consistent with recent results which show that a reduction of surface radiation by indirect effects of anthropogenic sulfate aerosols may cause cooling of the North Atlantic and warming of the South Atlantic, and contribute to a prolonged Sahel drought [Rotstayn and Lohmann, 2002] .
Conclusion and Discussion
[21] We have evaluated the capability of 19 CGCMs in simulating the Sahel drought in 100-year simulations of the twentieth-century climate with realistic external forcings. The models are evaluated according to correlation between Sahel rain and sea surface temperature in the Indian Ocean and the Atlantic Ocean, and covariability of rainfall, evaporation and soil moisture over the Sahel region. We find that only eight models (the hit models) produce a reasonable Sahel drought signal, seven models (the miss models) produce excessive rainfall over Sahel during the observed drought period, and four models (the neutral models) show no significant deviation from normal. Even the model with the highest simulation skill for the Sahel drought could only simulate the increasing trend of severe drought events but not the magnitude, nor the beginning time and duration of the events. From analysis of the characteristics of hit and miss models, we find a good simulation of Sahel drought in coupled models requires (1) a strong coupling between Sahel rainfall and Indian Ocean SST with warm (cold) SST identified with Sahel drought (flood), (2) a significant coupling between Sahel rainfall and the Atlantic SST dipole index, with colder North Atlantic and warmer tropical eastern Atlantic identified with Sahel drought and vice versa, and (3) a robust land feedback process with strong sensitivity of precipitation and evaporation to soil moisture over the Sahel. These constitute a set of strongly sufficient, but only weakly necessary conditions for good Sahel drought simulation by CGCMs; that is, all hit models have at least two of the above conditions satisfied, and models that satisfy all three conditions form a subset of hit models, but none show up as miss or neutral models.
[22] Previous results have shown that the warming of the Indian Ocean in recent decades may be part of a global warming pattern on interdecadal or longer timescales (Lau and Weng [2001] and others). Thus the coupling of the Indian Ocean SST to Sahel drought, may be identified with the warming of the global tropical oceans [Giannini et al., 2003] . We also found that a good simulation of the Indian Ocean SST and/or Atlantic Ocean SST in itself is not a sufficient condition for Sahel drought. A strong coupling between SST and Sahel rainfall, and robust land surface feedback processes are crucial. Physically, the mechanism may work as follows: The warmer water in the Indian Ocean and the eastern Atlantic enhances deep convection over the ocean and weakens the continental convergence and hence reduces monsoon moisture and rainfall over land. Reduced rainfall leads to less soil moisture and depending on the strength of the land surface feedback, there will be less evaporation over land, further reducing atmospheric moisture and exacerbating the drought. Examination of individual models (not shown) appears to broadly bear out the above scenario.
[23] Although the out-of-phase increase of the Indian Ocean SST and the in-phase decrease of the Atlantic SST index are two key controls for a long-term Sahel drought simulation in CGCMs, the notion of SST-driven Sahel drought still has room for debate since they constitute only sufficient but only weakly necessary conditions. Any climate forcings that alter land surface feedback processes including aerosols, land use and land change, and interactive vegetation may play a role in amplifying the SST induced responses. Our present results only provide check points for model evaluation for future research on these important topics.
